Tropical Cyclones are a continuing threat to life and property. Willoughby (2012) found that a Pareto (power-law) cumulative distribution fitted to the most damaging 10% of US hurricane seasons fit their impacts well. Here, we find that damage follows a Pareto distribution because the assets at hazard follow a Zipf distribution, which can be thought of as a Pareto distribution with exponent 1. The Z-CAT model is an idealized hurricane catastrophe model that represents a coastline where populated places with Zipfdistributed assets are randomly scattered and damaged by virtual hurricanes with sizes and intensities generated through a Monte-Carlo process. Results produce realistic Pareto exponents. The ability of the Z-CAT model to simulate different climate scenarios allowed testing of sensitivities to Maximum Potential Intensity, landfall rates and building structure vulnerability. The Z-CAT model results demonstrate that a statistical significant difference in damage is found when only changes in the parameters create a doubling of damage.
. In 2012 "Superstorm Sandy" struck the Northeast coast causing an estimated $50 billion dollars in damage (Blake et al. 2013 ). Hurricane intensity is limited thermodynamically by the oceanic energy source, and size is limited dynamically by the requirement that the ratio of winds' rotation about the cyclone center to the rotation of the Earth (the "Rossby number") be much greater than one. Given the physical limitations on the hazard, the fat tail of the damage distribution must stem from the distribution of assets at risk.
The windstorm insurance industry uses catastrophe ("CAT") models to estimate the statistical distribution of losses to be expected for a given insurer's "book of business". Catastrophe models consist of four modules: hazard, inventory, vulnerability and loss. The hazard module describes location, frequency and severity of the damaging geophysical events, which is generally developed using historical data. The inventory module is a database of the property characteristics, values, and locations. The vulnerability module uses functions based upon experience or rational analysis to link the hazard intensity to structural damage, and the loss module translates physical damage to financial losses or claims payouts (Grossi and Kunreuther 2005) .
Hurricane damage can be described using power law distributions that approximate rare, extreme events on the tails of more general distributions. One example is the Pareto distribution where the cumulative statistical distribution of some quantity, D, varies inversely as a power α of that quantity. It is named after the economist Vilfredo Pareto who used it to describe the wealth of people in Italy. He found that most of the wealth was in the hands of a few people while most lived in poverty. A special case of power law, is the Zipf distribution, which is used by geographers to describe populated places when ranked by their sizes, such that the sizes of the places are inversely proportional to their ranks. Therefore, the second largest populated place is 1/2 the size of the most populated place, the third is 1/3 of the size of the first, and so on. Since the exponent in the Zipf distribution is equal to one, it is a special case of the Pareto distribution with α = 1. Willoughby (2012a) fitted a Pareto distribution to seasonally aggregated damage from the most damaging 10% of US hurricane seasons in an effort to answer the question: "Is a trillion dollar hurricane possible?"
Here, we create an idealized catastrophe model, Z-CAT, that illustrates the relation between assets at hazard and damage. The Z-CAT model considers clusters of vulnerable property that obey a Zipf distribution. These "populated places" are scattered randomly along a linear coastline. The virtual country, "Zipfistan", is then damaged by randomly generated hurricanes whose frequencies, sizes, and intensities are scaled to resemble those affecting the US Atlantic and Gulf of Mexico coasts. The intent is to produce multiple realizations of hurricanes in Zipfistan drawn from the same statistical distribution and to simulate their property casualties over several simulated centuries.
With these results, it is possible to understand the relation between the distributions of assets and damage. Evaluating a climate signal by changing the frequencies or intensities of the hurricanes is reasonably easy with Z-CAT. One can argue that, because of the dominance of a few spectacularly destructive events, statistically significant increases in hurricane property casualties are a lagging indicator of the threat. The present study tests the hypothesis that Pareto distributions of hurricane damage inherit their tails from Zipf distributions of assets with the idealized Z-CAT hurricane catastrophe model. It also explores the power of Z-CAT to look into the ways that changes in climate affect the Pareto damage curve.
PREVIOUS WORK

Tropical Cyclone Dynamics
Tropical Cyclones (TCs) are physically limited in both intensity and size. The limit on TC's intensity is their thermodynamically possible Maximum Potential Intensity (MPI). The MPI is estimated by assuming that tropical cyclones act like classical Carnot heat engines (Emanuel 1986) . Energy is extracted as latent and sensible heat from the sea by air flowing inward in the high-wind boundary layer of the TC core. The air ascends to the upper troposphere in the TC eyewall, converting latent heat to sensible heat.
Ultimately the air flows outward to the TC environment carrying waste heat with it. The difference between the heat extracted and heat exhausted is available to do work against friction and defines the TC's thermodynamic efficiency. The heat acquired from the moist enthalpy of the sea surface and lost to the surroundings are proportional to the ~100K difference between the sea-surface and outflow absolute temperatures (Emanuel 1986 (Emanuel , 1999 . Generally a cyclone can never intensify to become stronger than its MPI calculated from the ocean and outflow temperatures. Because of environmental shear (Marks et al. 1992, Frank and Ritchie 2001) , storm induced cooling of the sea (Mainelli et al. 2008 ) and eyewall replacements (Willoughby 1990 , Sitkowski et al. 2011 TCs fail to reach their MPI. Observed Hurricane intensities appear to be uniformly distributed between the threshold of hurricane intensity and their local MPI (Emanuel 2000) . The Rossby number constrains size because it must be somewhat greater than unity (Shapiro & Willoughby 1982) for air-sea interaction theory of MPI to work. If TCs are physically limited, why is there such a large variance in the historical damage?
Normalized Damage of Landfalling US Hurricanes
While the climatology of hurricane landfall frequency is well documented in the HURDAT climatology (e.g., Landsea et al. 2004 ), a different perspective for insurers is looking at the way damage has been distributed through history. Pielke et al. (2008) As discussed previously, damage normalized for inflation, population, and wealth (Pielke et al. 2008) , shows zero trend. Large random variations between seasons and increasing growth of property at risk are better analyzed with logarithmic transformations. The study found that the mean annual number of deaths and damage in the early 21 st century were 28 and $11 billion. There is no trend attributable to anthropogenic global warming which is consistent with a consensus that global warming threatens to increase in intensity and frequency of the strongest hurricanes, but that a significant signal will probably remain undetectable before the late 21 st century (Bender et al. 2010 , Knutson et al. 2010 ).
Catastrophe Models
Insurance and reinsurance companies use catastrophe (CAT) models to determine what rates to charge their policy holders. The CAT models, or loss models as they are termed by Watson and Johnson (2004) and intensity models. Comparisons among models found that loss costs, even for the four best combinations diverged widely, especially for inland areas. Variation among the models was primarily attributable to choice of damage function, because of damage functions' nonlinearity. Watson and Johnson (2004) concluded that much more research had to be done to improve accuracy of loss models. Katz (2002) used stochastic approach to catastrophe modeling based upon Pielke et al. (1998) normalized damage. His compound Poisson process used two components, to represent on the occurrence of events and the damage caused by each event. Damage totals were therefore "random sums" in which the variation of damage could be attributed to both the frequency of events and the damage from individual hurricanes. Katz found that no trend over time for event occurrence exists and that any apparent increase may result from lack of records in early part of the record. Damage caused by individual events are well fitted with lognormal distributions. Therefore, given the work done by Willoughby (2012b) and Katz (2002) , we conclude that log-normal distributions or combinations of lognormal distribution are suitable for descriptions of seasonally aggregated and individual hurricane loss.
The HAZUS-MH hurricane model also uses the modular formulation. It is based on wind engineering models and estimates damage that results from rainfall that may enter buildings through broken windows and doors . The HAZUS-MH model was the first of its kind to use a national database of ground roughness. The model was validated through comparisons to observed damage.
A separate study by Grossi and Kunreuther (2005) points out that probabilistic approaches are best suited for natural hazard phenomena mostly because big catastrophes occur at such low frequencies. Because representation of these phenomena requires complex inputs, their view of catastrophe models has four modules: hazard, inventory, Pr{d  D}  P D vulnerability, and loss. The hazard module represents location event, frequency, and severity generally derived from historical data. The inventory module is a database of the property characteristic, values, and location. The vulnerability module applies damage functions that link the intensity of damaging weather elements to their effect on structures, and finally a loss module translates the physical damage to total repair or replacement costs and ultimately to claims.
Power Law Distributions
A Zipf distribution is a power law distribution, sometimes called "Zipf's law" that describes sizes of population centers well. In the Zipf distribution , N "populated places"
are ranked by size S, from the largest n = 1 to the smallest n = N, such that:
On a log-log plot of rank versus size, Zipf distributions appear as straight lines with slope equal to -1. The slope of the line means that the probability that a populated places is greater than or equal to some S is proportional to the reciprocal of S (Gabiax 1999). In the United States Los Angeles is half as large as New York and Chicago is one third as large as New York. However once n becomes large, the difference in size between S n and S n+1 is small.
The Pareto distribution is a more general power law function. The Pareto distribution: 
Model
An alternative approach to testing if damage from tropical cyclones follows a Pareto distribution because assets follow a Zipf distribution is the creation of a Monte-Carlo CAT model. Z-CAT, currently in version 1.4 is just such a model. It is written in MATLAB (Figure 3) . The model follows Grossi and Kunreuther's (2005) structure for catastrophe models (Figure 4 ). Grossi and Kunreuther (2005) . The left two modules are the hazard which represents the Tropical Cyclones and the inventory which is our virtual country, Zipfistan. To the right, the vulnerability module translates wind to percent damage. That percent damage is calculated by summing the losses to individual populated places into loss in the final module.
Hazard
The hazard module produces the location, frequency and severity of landfalling hurricanes. In Z-CAT the hazard module is based upon a Monte-Carlo method. The number of landfalls obeys a Poisson distribution with a nominal rate of 1.9 landfalling storms per season, although Z-CAT has an option to use a negative binomial distribution.
The simulated TCs strike at random points on the coast with spatially constant probability.
The Z-CAT model has a text setup file in which all the parameters are specified and easily changed. In the prototype or base run setup file, Z-CAT simulates 113 seasons.
The user specifies wind profile shape: boxcar profile with constant wind throughout the 15 storm, or the more realistic Wood-White (2012, figure 5) or Holland (1980) parametric profiles. Figure 5 . Wood White parameterized hurricane free atmosphere wind profile. The strongest wind (Vmax) occurs at the radius of maximum (Rmax) winds. The slope of the curve from zero to Rmax is defined by Nin while Nout defines the slope from Rmax to the end of the curve. LL or lambda defines the width of the peak of maximum winds.
The setup file has parameters that shape the wind profile curve. The maximum wind determines the peak of the curve while the radius of maximum winds sets the distance of the peak from the center of the storm (Emanuel 2000) , these are drawn from uniform and log-normal statistical distributions. The parameter, N in , defines the shape of the curve from the center to the radius of maximum wind; the base run sets N in to 1. N out defines the shape of the curve outward from the radius of maximum winds, it is set to .5
in the base run. Lambda, here LL, defines the width wind maximum and is set to .25. The setup file specifies the MPI, which sets the range of wind speeds from which the model randomly chooses, the range of sizes, the Poisson rate of landfall per season, a factor that applies a translational speed to the storm, and the reduction in wind due to surface roughness. The base run specifies values of these parameters close to normal values for the present climate. The wind speed ranges from barely a hurricane to a strong category 5. Surface roughness, determines the percentage of the free-atmosphere wind experienced at the surface (Franklin et al. 2003) .
Inventory
In and blue shows the remaining value after the storm. In this case, the storms had Figure 9 . A second example of a TC generated by Z-CAT. As is apparent, Z-CAT is able to produce a range of storms with differing damage potential. At the end of each virtual season Z-CAT generates log-log graphs with ranked damage plotted for both whole seasons and individual storms. The Pareto power law is fitted to the tail of the distribution and the exponent, alpha (α), is calculated. Alpha is the link for connecting damage to assets at risk. Figure 10 shows the graph for seasonally aggregated damage for the 113 simulated seasons in one realization. The first ranked season that has the most damage is located on the bottom right of the graph. The line represents the slope of the distribution's tail. It should be close to one because of the Zipf distribution of assets. The example shown in Figure 9 represents only one realization; number 3 of 20. The threshold rank determines how many seasons (or storms) are included in the calculation of the Pareto exponent. In the example above, the most Figure 11 . Pareto distribution of damage of all TCs produced by Z-CAT. This is the same as the previous Pareto distribution except the damage is not aggregated into seasons. In this case, the Pareto alpha exponent is 1.12 for the 31 most damaging storms. Boxplots illustrate the differences in damage from ten 113 season realizations ( Figure 12 ). All of the realizations produced many seasons with zero damage. This result arises because Z-CAT accumulates damage only from landfalling hurricanes. TCs that bypass the coastline, without technically making landfall, but still cause wind damage, are not modeled. Z-CAT also does simulate tropical storms with winds of 34 -63 knots.
The boxplot also demonstrates the wide range in values of damage. It is important to realize that we only have one realization of reality and the variance among realizations is large.
Z-CAT Simulating Changes in Climate and Building Standards
The ability to adjust Z-CAT's input parameters aids study of sensitivities. Some factors of concern are increases of MPI over time as the globe warms (Murnane and Elsner 2012) , or increases (or decreases) in number of storms per season (Bender et al. 2010 , Knutson et al. 2010 , Emanuel 2013 . Another factor to consider is changes in building codes which could be made to guard against increase of these hazards by raising the vulnerability curve. First, increases of MPI were tested using different values for the top threshold of wind speed with 10 realizations for each. The range of thresholds for the top MPI was from 170 kts to 210 kts in ten knot increments, with the base run MPI = 180kts. The logarithmic box plot shown in figure 13 depicts the differences in damage as the top threshold of the MPI is changed from 180kt to 190kt, and to 210kt. The triangles show the range of statistically significant differences. The farther apart the triangles are, the more the values must differ for significance. Consistent with the Z-CAT base run realizations, these boxplots also show many zero values because of the lack of bypassing and tropical storms. When MPI increases by 10 kt, approximately ½ Saffir-Simpson category, the change in damage is substantial, but not statistically significant. But statistical significance is achieved when the MPI is increased from 180kt to 210 kt, equivalent to 1 ½ categories, and the damage almost doubles. Statistical significance is very much at issue here, as three standard nonparametric test, Mann Whitney, Kolmogorov-Smirnov, and Bootstrap illustrate. Figure 15,16 and 17 show the fraction of 100 realization in which the tests yielded statistical significance on the left side and the values of the median and mean damage generated by changing the parameters. Ensembles of simulations (Fig 15) that compare MPIs of 170 kt, 190 kt, 200kt , and 210 kt with the baseline 180 kt value show increasing power ( the probability that the test will reject the null hypothesis of no effect when an effect exists) that approaches the generally accepted 70-80% only when the damage more than doubles. Similarly, figure 16 shows the difference in damage for ten realizations of Z-CAT with the landfall rate at 1.9 and then at 4.0. The boxplots show the significant statistical difference with the large change in landfall rate which causes the doubling in damage.
Statistical tests with the rate of landfalls per season (Figure 17 ) showed that the rate had to increase from the baseline value (1.9) to 3.5 to attain powers of 70 -80%. Figure 16 . Boxplots showing ten realizations of Z-CAT's landfall rate set at 1.9 and ten other realizations with the landfall rate increased to 4.0. (Figure 19, 20) . The tests reveal that large increases in damage were required for >70% power. A salient result is that substantial increases in damage were needed to produce statistical significance using Mann-Whitney, Kolmogorov-Smirnov, and Bootstrap statistical tests. 
DISCUSSION
While Z-CAT has been tuned to produce realistic results, opportunities exist to improve its realism. Most significantly, the model climatology and demographics are geographically and temporally constant. In reality, MPI and landfall probabilities would become smaller northward because of the cooler ocean temperatures. Z-CAT has the same MPI thresholds and landfall probability throughout. Incorporating geographic variations to landfall frequency would also help make Z-CAT more realistic.
Another potential improvement is addition of storm surge to the damage calculation. Presently Z-CAT's damage is produced solely by wind, but storm surge and flooding cause a big percentage of US Hurricane damage. The wind however is still a factor to reassess in that the populated places in Zipfistan are distributed linearly along the coast. Adding populated places inland and simulating inland wind decay would yield to more realistic results.
Some climate factors that are not programmed into the catastrophe model include El Nino Southern Oscillation (ENSO, e.g., Pielke and Landsea 1999) and the Atlantic Multidecadal Oscillation (AMO, e.g., Goldenberg et al. 2001 ). Both of these climate signals have been studied in conjunction with the intensity and frequency of tropical cyclones in the Atlantic basin. "El Nino" is an episodic ocean increase in temperatures over the equatorial Pacific Ocean that occurs at 3-5 year intervals. El Nino events produce increased vertical shear which in turn causes a decrease of Atlantic TC formation. The AMO has a multidecadal time scale as opposed to ENSO which has a 3-5
year recurrence interval. The AMO is a 60-70 year cyclic increase and decrease in Atlantic Ocean temperatures. It has been shown to affect the climate in North America.
The warm AMO phase causes a decrease in shear leading to an increasing in Atlantic TC genesis. The cool phase brings increasing shear coupled with more frequent El Niño events. Neither of these factors are included in the model, but they may contribute to increased variability and also provide an opportunity to assess Z-CAT realism.
Tuning the parameters to result in more realistic values may also affect the realism of the model. While all the parameters are within justifiable ranges, it is difficult to say how realistic the model's outputs are since the values differ by a lot and we only have one realization of reality. It would be instructive to evaluate the actual number of populated centers in the United States to use in the Zipfistan model.
CONCLUSIONS
Normalized historical hurricane damage shows no trends from 1900-2005 (Pielke et al. 2008 ). There is, however, high interannual variability of damage because of random variations in assets near landfall points. Since size and intensity of hurricanes are physically limited, this variability must stem from the distribution of assets at peril.
Observationally, most destructive tail of historical hurricane damage hurricanes follows a Pareto distribution because the assets at hazard follow Zipf's law.
Z-CAT, an idealized catastrophe model, was created to test this hypothesis. In Z-CAT, the hazard module produces randomly generated hurricanes with stochastic wind fields. The inventory module is a Zipf distribution of clusters of value randomly scattered along a straight coastline. A vulnerability function is a sigmoidal curve that joins the thresholds of initial damage and total destruction. In the nominal runs losses presented here are calculated at the end of each simulated season and accumulated for 113 seasons.
In a representative run, Z-CAT finds a median seasonal Pareto exponent equals 1.34 and an all storms Pareto median exponent of 1.28. This lends strong support to the hypothesis that the Pareto distribution of impacts stems from a Zipf distribution of assets, even though the model has some unrealistic features.
Z-CAT is easily set up to simulate different scenarios that arise from variation in MPI, landfall rate, or vulnerability curve thresholds. A key preliminary result is that damage needs to approximately double before statistical significance emerges with conventional nonparametric tests.
